In this paper, a Conditional Linear Gaussian Network (CLGN) model is built for a twoyear experiment on Tuscan Sangiovese grapes involving canopy management techniques (number of buds, defoliation and bunch thinning) and harvest time (technological and late harvest). We found that the impact of the considered treatments on the color of wine can be predicted still in the vegetative season of the grapevine; the best treatments to obtain wines with good structure are those with a low number of buds; the best treatments to obtain fresh wines suitable for young consumers are those with technological rather than late harvest, preferably with a high number of buds, and anyway with both defoliation and bunch thinning not performed.
Introduction
The dependence of the quality of wine on the quality of grapes is by now a consolidated area of knowledge. Grapes with excellent color (high anthocyanin content) and good structure (high polyphenolic content) make it possible to obtain a wide variety of wines (Ribereau-Gayon et al., 1999) , while grapes with moderate alcoholic gradation and good acidic balance may be new oenological objectives (Kontoudakis et al., 2011) . Consorzio Tuscania performed an experiment on two Sangiovese vineyards in Tuscany, Italy, with the purpose of studying the role played by canopy management techniques (number of buds, defoliation and bunch thinning) and harvest time (technological and late harvest) in determining the quality of grapes.
In this paper, a Conditional Linear Gaussian Network (CLGN) model is built to relate canopy management techniques and harvest time with multiple outcomes representing the quality of grapes. CLGNs were firstly proposed by Lauritzen and Wermuth (1989) , but the core idea may be traced back to path analysis (Wright, 1934) . In a CLGN, a multivariate Gaussian distribution on multiple outcomes is assumed conditionally to treatments, and it is factored into linear regression models. In this way, possible conditional independence relationships among the outcomes are made explicit. By discovering conditional independence relationships before estimating the impact of treatments on the multiple outcomes, the number of parameters representing the multivariate Gaussian distribution is reduced, thus entailing more efficient estimates. Also, conditional independence relationships define the relevant predictors for the impact of treatments on each single outcome: once the values of the relevant predictors are known, no other information is required to predict the impact of treatments on that outcome.
The paper is structured as follows. In section 2, materials and methods are detailed. Results are reported in section 3, while section 4 contains a discussion of the findings.
Materials and methods
In this section, we describe the experimental setting (subsection 2.1), data (2.2), and the statistical model used to perform the analysis (2.3). The result of each of these measures was averaged for each group of plants.
Experimental setting
In autumn, technological harvesting was applied to the first group to form a first must, and late harvesting was applied to the other group to form a second must.
The following measurements were performed on each must:  total acidity (Acid);  potassium content (Potass);
 total anthocyanin content (Anthoc);  total polyphenolic content (Polyph).
The data consist of 48 statistical units (two groups of plants in four blocks in two vineyards for three years). For simplicity, we combined the three experimental factors with the two harvest times, thus obtaining a total of 16 treatments (Table 1) . The reference treatment is the one characterized by low number of buds, no defoliation, no bunch thinning and technological harvest. 
Statistical model
A Conditional Linear Gaussian Network (CLGN: Lauritzen and Wermuth, 1989) is defined on a set of variables = { 1 , … , }, each being either continuous with domain on the real numbers or qualitative with a finite number of values, and is composed of:
1. a qualitative part, encoded by a directed acyclic graph (DAG: Lauritzen, 1999) , showing the factorization of the joint probability distribution of variables in :
such that the univariate probability distribution of variable
is conditioned to a vector of variables , which cannot include continuous variables if is a qualitative variable. In the DAG, each variable is represented by a node, a node receives a directed edge from another node if the univariate probability distribution of the variable represented by the former is conditioned to the variable represented by the latter, and no directed cycles are present. The qualitative part implies a set of conditional independence statements among the variables, which can be read off the DAG using specific rules (Lauritzen et al., 1990) ;
2. a quantitative part, that is a statistical model for each variable ( = 1, … , ) in the joint probability distribution ( ):
if is a continuous variable, ( | ) is a linear regression model:
where is a vector belonging to the joint sample space of variables in , and is the vector of regression coefficients; 2.2. otherwise, ( | ) is a conditional probability table, that is a set of discrete probability distributions of , one for each configuration of variables taken by vector .
The measurements described in 2.1 were included in the CLGN as continuous variables, together with a qualitative variable representing the 16 treatments (Table 1) . Since measurements are strictly positive and they took place in different years, the logarithmic transformation was applied to map their sample space to the -dimensional reals ℝ , and the annual mean was subtracted from each datum in order to eliminate annual heterogeneity. Prior constraints on edges were applied on the basis of causal knowledge: edges not respecting the temporal order in Table 2 were forbidden, and the following edges were forced to be present: Acid→pH, Potass→pH, Brix→GrapeW, Anthoc→Polyph. Details on the relation between conditional independence and causality can be found in Pearl 
Results
The resulting DAG is shown in Figure 1 . This DAG has 50 fewer edges than the maximal one, thus 50 parameters are saved with respect to an unrestricted multivariate Gaussian model. A summary of parameter estimation is reported in the Appendix. Relevant predictors and estimates of the impact of treatments on each outcome are reported in 3.1 and 3.2 respectively. Table 3 reports the minimal sets of outcomes making each outcome independent of treatments, found using the algorithm proposed by Tian et al. (1998) . Each of these sets represents the relevant predictors for the impact of treatments on an outcome: once the values of outcomes in the set are known, no other information is required to predict the impact of treatments on that outcome.
Relevant predictors for the impact of treatments
The results show that the number of sprouts, the number of bunches, SPAD measured in June and potential alcohol are directly related to treatments in the DAG; that is, no outcome exists making them independent of treatments, and thus the impact of treatments on them cannot be predicted indirectly by the impact of treatments on other outcomes. However, the impact of treatments on the anthocyanin content can be predicted by the impact of treatments on the number of bunches, NDVI measured in August and the weight of wood. This result is quite interesting, as it suggests that the impact of the considered treatments on the anthocyanin content can already be predicted in the vegetative season. 
Impact of treatments
For each treatment (k = 0,1, …), our CLGN model implies a multivariate
Gaussian distribution on the logarithm of multiple outcomes:
We define the impact of a non-reference treatment on multiple outcomes as the ratio:
where 0 is the reference treatment. Vectors ( = 0,1, …) can be obtained by recursively applying the formula:
The quantity ( − 1) • 100 is the percentage variation in the expected value of multiple outcomes when is applied rather than 0 . The weight of the grapes is certainly decreased by treatments, unless the number of buds is high and bunch thinning is not performed (T5a, T5b, T7a, T7b).
Reasonably, if the number of buds is low, the reduction is stronger in treatments including bunch thinning (T2a, T2b, T4a, T4b).
As largely expected, the number of bunches is certainly decreased by all of the treatments including bunch thinning (T2a, T2b, T4a, T4b, T6a, T6b, T8a, T8b), and potential alcohol is significantly increased by all of the treatments including late harvest, especially with a low number of buds and with both defoliation and bunch thinning performed (T4b).
The weight of wood generally increases due to a high number of buds.
Conversely, a low number of buds entails a decrease in the weight of wood, which is stronger if treatment T4a is applied (low number of buds, both defoliation and bunch thinning performed, technological harvest).
The impact of treatments on SPAD measured in June is stronger in all treatments with a high number of buds: a greater number of sprouts, and consequently of leaves, delays the maturation of the leaves themselves, which in turn show a lower nitrogen and chlorophyll content in June (less intense green).
Total acidity and pH are mainly influenced by harvest time: late harvest produces less acid grapes (higher pH). An interesting exception is treatment T5b
(high number of buds, defoliation and grape thinning not performed, late harvest), which has a higher total acidity than the reference treatment.
Potential alcohol is positively influenced by each treatment, excepting T5b
(high number of buds, defoliation and bunch thinning not performed), with a stronger effect due to treatments including late harvest.
The anthocyanin content is worsened by a high number of buds. Treatment T4a (low number of buds, defoliation and grape thinning performed, technological harvest) is a very interesting option to emphasize the richness in color of wine.
The best treatments to obtain wines with good structure (high polyphenolic content) are those with a low number of buds (T1a, T1b, T2a, T2b, T3a, T3b, T4a, T4b). Another valid option for this objective is treatment T8b (high number of buds, defoliation and grape thinning performed, late harvest). The best treatments to obtain fresh wines suitable for young consumers are those with technological rather than late harvest, preferably with a high number of buds, and anyway with both defoliation and grape thinning not performed.
Discussion
The wine market demands frequent style adjustments. In some cases, "meditation" wines with high alcohol content, richness in color and great tannin structure are required. In other cases, "handy" wines (good for all occasions), characterized by moderate alcohol content, low astringency and polyphenolic content, are demanded. Although many varieties of wines can be obtained from different vinification procedures applied to the same grapes, several important features like alcohol content and yield per hectare cannot be achieved without relying on special agronomic settings. This issue implies relevant consequences for vinery revenues: if the objective is to produce a simple wine, it is better to aim at a high yield per hectare, because such wine will be sold at a low price.
Conversely, when aiming at producing a complex wine, the control of polyphenolic content is much more important, so a lower yield is accepted because the wine will have a higher value. On these grounds, new techniques to check whether the agronomic setting is achieving the objective before completing the grape harvest could be of great help for viticulturists.
In this paper, important insights towards this direction were provided by applying a Conditional Linear Gaussian Network (CLGN) model. On one hand, we evaluated the effectiveness of a set of canopy management techniques combined with two different harvest times on multiple outcomes representing the quality of grapes by exploiting conditional independence relationships learnt from data, resulting in a remarkable reduction in the number of parameters. On the other hand, the CLGN model made it possible to find the minimal set of predictors for each dimension, a very useful piece of information to establish the moment when the effectiveness of treatments on any single outcome can be predicted. Interestingly, we found that the impact of the considered treatments on the anthocyanin content, and thus on the color of wine, can be predicted even in the vegetative season of the grapevine.
The values of R-squared indices are not high in several regression models. If we exclude the possibility that the investigated phenomenon has an inherently large unstructured variability, a natural explanation is that some informative explanatory variables have been omitted because they are unobserved. Omitted variables may entail bias in parameter estimates, but notably, the signs of the estimated parameters agree with tentative causal explanations, although orthogonality between observed and omitted covariates is not expected in general. Furthermore, expert prior information was exploited through a 'blacklist', to exclude from consideration all regression models breaking established causal knowledge, and through a 'whitelist', to force the inclusion of variables with a widely accepted explanatory role.
In our work, we implicitly considered parameters as fixed, given that only two years of data were available. Extension of the model to include a random factor representing different years of experimentation could be considered to improve the quality of predictions and to determine whether each covariate might interact with the year of experimentation in each regression model. 
APPENDIX.

Summary of parameter estimation
